The distribution of linkage disequilibrium (LD) across the genome is highly complex. Little is known about the relationship between long-range and short-range LD in a genomic region. We assessed whether a dense set of microsatellite data could be used to predict short-range LD in family samples. We analyzed intermarker LD in data derived from chromosomal regions 18q22 and 10q25-26, densely genotyped with microsatellite markers. The pattern of LD was highly heterogeneous within and between both chromosomal regions. On 10q25-26, very little LD was detected. On 18q22, where marker density was higher, many marker pairs were in LD. We modeled the decay of LD over distance in this region. A classical model accounted for most of the relationship between LD and distance (R 2 ¼ 63%). We used this model to predict the proportion of markers expected to show useful levels of LD at short distances. This prediction agreed with estimates based on single-nucleotide polymorphism (SNP) marker genotypes in the region. Both microsatellite and SNP data predict that about 80% of marker pairs would display levels of LD that are useful for association studies at distances of up to 15 kb in this region. These projections also agree with levels of LD directly measured in a 10 kb set of SNP genotypes generated in a nearby region of finished sequence. Our results suggest that existing sets of microsatellite data, if sufficiently dense, may be used to develop good initial estimates of the density of additional markers needed to screen a region for disease alleles by association analysis.
INTRODUCTION
Success in finding genetic association in fine-mapping analyses hinges on the ability to discern linkage disequilibrium (LD) between marker and disease alleles (1) . Hence, in recent years, genetic linkage and association studies have been closely accompanied by studies that attempt to describe the extent of intermarker LD for various chromosomal regions, particularly the relationship between LD and intermarker distance. The overall goal of all these studies is to develop good estimates of the density of markers needed to carry out successful association mapping experiments.
Considerable controversy surrounds this issue, however. It has been shown that the physical extent of LD may vary significantly between populations (2,3). Patterns of LD are also irregular across different chromosomal regions (4) (5) (6) (7) . For instance, a more rapid falloff of LD with physical distance can be found in telomeric regions (8) . Moreover, estimates of the actual physical extent of LD vary widely. On the basis of simulation studies using a biallelic marker model, Kruglyak (9) concluded that marker pairs more than 3 kb apart would not demonstrate 'useful' LD in the general population ( > 5 kb for isolated populations) and that thus approximately 500 000 equally spaced single-nucleotide polymorphisms (SNPs) would be needed for whole-genome LD scans. This rather disheartening estimate is not supported by other studies that observed substantial LD over physical distances greater than 100 kb in actual population samples (10) (11) (12) (13) (14) (15) . Studies in isolated founder populations report LD between markers even several Megabases apart (16) (17) (18) (19) . There is further controversy over whether LD and physical distance correlate at all in small genomic regions (10, 20) . Very recently, it has been suggested that the human genome is organized in blocks of haplotypes (21, 22) and that gene conversion predominates over recombination at small distances (23, 24) , adding further complexity to the relationship between LD and distance.
The overall goal of this study was to assess whether microsatellite data can be used to predict the proportion of marker pairs at a given physical distance that can be expected to display useful levels of LD. Such predictions would be helpful in planning the density of markers to genotype for finemapping studies. Microsatellite marker data at a 1-2 cM density are typically generated in the second stage of genetic linkage studies. It would be efficient to use such existing data as a starting point.
We analyzed the distribution of LD in two well-known linkage regions for bipolar affective disorder (BPAD). For this purpose we used data from two major pedigree collections in the field: the Johns Hopkins/Dana Foundation Pedigrees, with a linkage region on 18q22 (25) (26) (27) (28) , hereinafter referred to as sample A, and the University of Bonn sample, with a linkage region on 10q25-26 (29, 30) , hereinafter referred to as sample B. We focused on sets of microsatellite markers with dense genetic intermarker distances (1-2 cM), typical of the kind of marker data generated at the second stage of a genome-wide linkage study. Markers were physically ordered according to the recently released draft sequence of the human genome (31) . Within the heart of the linkage region on 18q22, we additionally typed 27 SNPs in 93 unrelated individuals.
For haplotying in the pedigree data, we used the SIMWALK2 package (32) . Haplotype frequencies in the SNP data were inferred using an expectation-maximization algorithm (EM), as implemented in the GOLD program (33 Our data are consistent with the existing findings indicating that, while LD is highly heterogeneous across different genomic regions, useful LD might be observed over physical distances larger than 3-5 kb in European populations. We extend the existing findings by demonstrating that, for one of the two chromosomal regions that we studied (18q22), a classical model of the decay of LD over distance predicted the proportion of marker pairs showing useful levels of LD at distances well below those tested in our microsatellite data. Existing sets of microsatellite data, if sufficiently dense, may be used to develop good initial estimates of the density of additional markers needed to screen a region for disease alleles by association analysis. (Fig. 3, inset) .
RESULTS

LD across each chromosomal region
Predicting short-range LD
Given the good fit between model predictions and actual data (Fig. 3) , we used Equation 1 to project the proportion of marker pairs with D 0 > 0.3 (t ¼ 617), using microsatellite data: these projections fit the actually observed proportions from the SNP data very well (Pearson correlation coefficient r ¼ 0.95, P < 0.0006). We also used the SNP data to project the proportion of marker pairs with D 2 > 0.1 (t ¼ 832). Table 1 shows these projections for a range between 0 and 200 kb. A comparison of the projected values revealed that the microsatellite-based and the SNP-based models agreed closely (Pearson correlation coefficient r ¼ 0.86, P < 0.0001). Both models predict that about 80% of marker pairs would be expected to display useful levels of LD at distances of up to 15 kb in this region (Table 1) .
DISCUSSION
The main goal of this study was to assess whether the kind of microsatellite data typically generated in linkage studies can be used to predict the proportion of markers that will display useful levels of LD at short physical distances, i.e. over 1-20 kb. We based our marker order on the draft sequence of the human genome (31) , and analyzed LD between dense sets of microsatellite markers in two different genomic regions genotyped in pedigrees of European origin. We found that a classical model for the decay of LD with distance fitted the data on chromosome 18q22 well, but could not be applied to the chromosome 10q25-26 data since useful levels of LD were not observed in that dataset. The classical model we applied produced projections of LD that agreed closely with those observed from a 200 kb set of SNP genotypes in the region, even at intermarker distances well below those represented in our microsatellite data. Our results suggest that existing sets of microsatellite marker genotypes, if sufficiently dense, may be used to develop good initial estimates of the density of additional markers that would be needed to screen a region for disease alleles by association analysis.
Our results are consistent with the growing body of studies that indicate a complex pattern of LD in various regions of the human genome (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) (18) (19) (20) . Some studies suggest that the distribution of LD is largely ruled by stochastic factors, selection processes, demographic factors and gene conversion (23, 24, 34) , and that simple relationships between LD and distance are thus not to be expected. Despite this complexity, we observed a relationship between intermarker LD and distance in our microsatellite data that accounted for most of the variance over the 60 kb-10 Mb range on 18q22. This same relationship was observed at distances between 10 kb and 5.4 Mb in the SNP data that we studied in the region: projected proportions agreed closely with predictions based on the microsatellite data. That is, the SNP data confirmed the predictions derived from the microsatellite data, demonstrating that the microsatellite data were sufficient to reveal the essentials of the distribution of LD in the region and that the 2-fold increase in marker density provided by the SNP data was not necessary. Further support for the microsatellite predictions comes from a 10 kb set of SNP genotypes generated in a nearby region of finished sequence (35) . Observed levels of LD again agreed closely with the microsatellite-based predictions. Daly et al. (21) argue that the 'traditional' assessment of LD patterns based on single-marker analyses 'often yields an erratic, non-monotonic picture'. Their study, as well as a comprehensive study of chromosome 21 (22) , suggest that the human genome is organized into blocks of haplotypes, and that LD analyses should be based on a map of haplotypes rather than individual markers. Our results do not contradict this view, but suggest that estimates of LD based on individual marker data may be very useful for planning the initial stages of mapping a large genomic region by association. Haplotype-based approaches might then be most efficiently applied at subsequent stages in the fine-mapping process.
Abecasis et al. Their model, however, only explained roughly 45% of the observed variance, which may be too low for modeling subsequent LD mapping studies. Our proportionbased model accounted for most of the relationship between LD and distance, although the implications of using proportions within this context require further studies. The modeling approach described here is based on data derived from only one chromosomal region (18q22), so we cannot comment on its generalizability to other regions. We need studies that compare fine-scale patterns of LD between genomic regions that differ at a coarse scale, but little of the necessary data are currently available in humans. We did not detect useful levels of LD on 10q25-26, but this should not be taken as evidence against the generalizability of the18q22 results. The average distance between the markers on 10q25-26 was more than twice as great as that on 18q22, and the marker density on 10q25-26 might simply not have been great enough to detect significant association between markers in this region. Meaningful conclusions about the pattern of LD in this region might only be drawn if additional markers were typed. The generality of our findings will become clearer after analysis of additional regions.
Although we used the recently released draft sequence of the human genome to order markers across the regions studied, there is still potential for error in marker order and distances, underlined by unresolved differences between the two published versions of the sequence (36) . Error in marker order would lead to false inferences about haplotypes, tending to decrease the observed LD between marker pairs, and thus could not account for our findings. Error in intermarker distances would be unlikely to affect our overall estimates, which are based on many different marker pairs.
One of the major strengths of our study is that we calculated LD in the microsatellite data based on pedigrees consisting of multiple siblings and one or two parents. Family-based haplotypes are robust to multiple heterozygotes, and are less sensitive to sampling error than haplotypes inferred from unrelated individuals (37) (38) (39) . SNP haplotypes from unrelated individuals performed well in this study in the sense that the results agreed with those of the microsatellites. While experimental determination of haplotypes in the laboratory may give more accurate results, the methods are labor-intensive and the results would be unlikely to change our main conclusions.
From our study, we cannot provide a clear guideline on what constitutes a sufficiently dense microsatellite map. We found that a mean spacing of 1 cM enabled LD modeling in one region whereas a 2 cM map in another region did not. The determination of the optimal microsatellite density would be a fruitful object of future investigations.
The overall conclusion that can be drawn from this study is that microsatellite data, if sufficiently dense, can be used to make initial predictions about the level of short-range LD present in susceptibility regions identified by linkage studies. These predictions can be useful for planning the density of markers needed for fine-mapping experiments.
The theoretical implications of our modeling approach require further study, but our conclusions may be of practical importance, both for following up linkage results that implicate large genomic regions and for estimating the number of markers needed for genome-wide association studies.
MATERIAL AND METHODS
Samples studied
The analysis comprised two pedigree samples:
(i) The Johns Hopkins/Dana Foundation Bipolar Pedigrees (sample A), with a total of 58 families of essentially European-American origin (n ¼ 506) (25) (26) (27) (28) 40) . Most families consist of several sibships and both parents, allowing for pedigree-based haplotype estimation (see below). In these families, a susceptibility region for BPAD has been described on chromosome 18q22 (25) (26) (27) (28) . Written informed consent was obtained from all participants. (ii) The University of Bonn Bipolar Pedigree series (sample B), with a total of 75 families (n ¼ 444), comprising 66 families from Germany, 8 families from Israel, and 1 family from Italy. For all families, genotype information on both parents was available. In these families, a susceptibility region for BPAD has been reported on chromosome 10q25-26 (29, 30) . For the present analyses, we excluded the 8 Israeli families (n ¼ 52), who were of mainly non-Ashkenazi origin, in order to minimize the level of heterogeneity. Written informed consent was obtained from all participants.
Markers analyzed
We analyzed data from microsatellite markers that were closely spaced across each candidate region according to the Marshfield Sex-Averaged Genetic Map (http://research.marshfieldclinic.org/genetics/). For sample A, the set comprises the marker interval from D18S465 to D18S462, spanning 10 Mb (mean intermarker distance 0.95 cM). For sample B, we chose the set of markers that spans the 15 Mb interval from D10S190 to D10S212 (mean intermarker distance 2.03 cM). These two marker sets encompass the respective susceptibility regions. We ordered each set of markers according to the recently released draft sequence of the human genome (31) . Thus, only those markers that could be placed unambiguously on the sequence were considered for the analysis. Table 2 shows the final list of markers that were used. The table illustrates the higher precision in marker order that can be achieved by using sequence information rather than published genetic maps, where the same genetic map position is often reported for many nearby markers. Genetic distances were obtained from the Marshfield Sex-Averaged Genetic Map. Physical distances were based on the April 2001 version of the NCBI human genome sequence (http//www.ncbi.nlm.nih.gov). Both regions show similar ratios of genetic to physical distance (0.0020 cM/ kb for sample A versus 0.0022 cM/kb for sample B), suggesting similar local recombination rates (see Table 2 ).
Genotype data were 'cleaned' of genotyping errors with the program sib_clean of the ASPEX set of programs for multipoint linkage analysis (41; ftp://lahmed.stanford.edu/ pub/aspex/index.html), using the recommended threshold of 1% error frequency. Another ASPEX program (sib_map) was used to generate sample-based sex-specific maps.
Haplotyping and calculation of pairwise LD
Haplotype sets were inferred from the pedigree data by the SIMWALK2 package (32; http://watson.hgen.pitt.edu/docs/ simwalk2.html). SIMWALK2 estimates the most likely set of fully-typed maternal and paternal haplotypes for each individual in a pedigree. SIMWALK2 input files were generated by MEGA2 (42; http://watson.hgen.pitt.edu/docs/ Local recombination rate on 18q22 calculated as total genetic distance/total physical distance: 0.0020 cM/kb. d Local recombination rate on 10q25-26 calculated as total genetic distance/total genetic distance: 0.0022 cM/kb. mega2_html/mega2.html). Multiple SIMWALK2 runs on the same data set can give different haplotype estimates, which prompted Moffatt et al. (6) and Abecasis et al. (14) to assess the reliability of SIMWALK2-generated sets of haplotypes: they found several runs with different random seeds to give similar results. As recommended by Abecasis et al. (14), we performed five SIMWALK2 runs with different random seeds for each sample. Since D 0 -values calculated from these haplotype sets (see below) differed little between runs (maximum variation of 22%), we used the first haplotype set for subsequent analysis.
Pairwise LD was calculated with the program GOLD (33; http://www.well.ox.ac.uk/asthma/GOLD/). GOLD uses founder haplotypes identified by SIMWALK2 to calculate the absolute value of the multiallelic version (43) of the standardized disequilibrium coefficient D 0 (44,45) and other measures of LD. The range of the absolute value of D 0 (i.e. jD 0 j) lies between 0 (no disequilibrium) and 1 (maximum disequilibrium, i.e. at least one theoretically possible haplotype constellation is not observed in the data). Compared with other measures of LD, D 0 offers the advantage that its range is independent of allele frequencies (45) . Since the sign is not important in the analysis that we performed, for reasons of simplicity, we will hereinafter only use the term D 0 for jD 0 j. The calculation of LD by GOLD also incorporates a standard, contingency-table w 2 -testing for intermarker association. For microsatellite markers with rare alleles, the validity of the w 2 -statistic is diminished owing to table sparseness, so GOLD pools rare alleles at a 7% frequency threshold by default. Monte Carlo approximations are an alternative statistical tool to estimate reliable P-values (12) in this situation. However, neither method addresses the problem of P-value inflation due to multiple testing, for which it seems difficult to formulate an appropriate correction (12) . Hence, in our analysis of the microsatellite data, we emphasize the use of D 0 as a measure of LD. The estimation of precise P-values is an important future challenge. Furthermore, the correlated genealogical histories between different marker pairs may also contribute to uncertainty about statistical independence between marker pairs.
Inter-SNP LD for the respective susceptibility locus region on 18q22
Intermarker LD on 18q22 was also determined in a set of 27 SNPs spanning 5.4 Mb, genotyped in 93 unrelated founder individuals from the CEPH (Centre d'Etudes des Polymorphismes Humains; http://www.cephb.fr) pedigree collections (90 from the Utah, 2 from the French and 1 from the Venezuelan pedigrees). Minor allele frequencies for the SNP data ranged from 8% to 47% in this sample. SNP positions were determined by aligning flanking sequences on the 12 December 2000 build of the Golden Path (http:// genome.cse.ucsc.edu/goldenPath/12dec200/database/) ( Table  3) . LD was calculated using the ldmax option in GOLD (33) , which uses haplotype frequencies estimated by an expectationmaximization (EM) algorithm (46, 47) . For this biallelic marker data, GOLD calculates the LD measure D 2 (48) in addition to D 0 .
Modeling the decay of LD for the microsatellite and SNP data
The decay of LD can be described as a function of time t (in generations) and the recombination fraction (i.e. genetic distance) y, as in the classical equation To the best of our knowledge, this is the first study to do so in order to derive predictions about finescale LD. Abecasis et al. (14) apply the classical decay model (50) , but this would not change the results, because they are not dependent on the absolute proportions but on relative proportions across distances.
Theta was calculated by multiplying the physical distance in kilobases by the respective local recombination rate (see Tables  2 and 3 ). The resulting genetic distance was divided by 100 in order to obtain y, according to the map function x y for small genetic distances (51) .
To estimate the proportion of marker pairs showing useful levels of LD at various distances, we applied a sliding-window selection strategy similar to that of Abecasis et al. (14) and Daly et al. (21) , among others. First, we sorted all marker pairs by distance (kb) between the respective markers, from smallest to largest. The proportion of marker pairs with D 0 > 0.3 was then calculated for overlapping groups of marker pairs. In order for the proportion to be meaningful, we had to set some minimum window size for the denominator. We chose 5 as the minimum window size and expanded the window up to a maximum of 10 as we moved down the ordered list of marker pairs. This allowed us to sample each marker pair a nearly equal number of times. The decay of LD for the SNP data was modeled in an analogous fashion (see also Table 3 ). Since D 0 may show more stochastic variation over short distances than D 2 (34) , for the denser SNP map we also modeled the relationship between the proportion of marker pairs with D 2 greater than 0.1 and recombination rate y. The rationale for a value of 0.1 being considered the minimum usable amount of LD when the parameter D 2 is applied is as follows. According to Kruglyak (9) , d
2 ¼ D 2 m(1 7 m)/f(1 7 f ), where f is the variant frequency and m is the marker allele frequency. For the present study, m and f are considered allele frequencies for a pair of markers, and m f; thus, d 2 D 2 . In each case, Equation 1 was fitted to the observed data using the 'Genfit' option in XLStat 4.3 (http://www.XLstat.com/), which produced an estimate of t optimized to produce the smallest sum of the squared residuals, and a value for the determination coefficient, R 2 , a measure of how well the model accounts for the observations. We assumed D 0 ¼ 1.
